In this paper, we analyze the development of technical efficiency in the Tunisian manufacturing sector using advanced analysis methods. The technical efficiency of the industrial sectors is measured on the basis of panel data through the bias of a classical approach and a Bayesian one, which makes the inefficiency terms change over time. This exercise helps to assess the robustness of the estimated technical efficiency compared to the choice of the estimation technique. The mean efficiency score is found to be of 77 percent and there is no evidence of a continuous increase in efficiency.
INTRODUCTION
As defined by the pioneering work of Farrell (1957) , the total efficiency is the ability to produce a given level of output at the lowest cost. According to Farrell, total efficiency can be decomposed into Technical Efficiency (TE) and Allocative Efficiency (AE). Technical efficiency is defined as the ratio of output to maximum output that can be produced from a given set of inputs. Allocative efficiency is defined as the efficiency measured in the context of using several inputs in optimal proportions, given the input and output prices (Shekhar, 2009) . Economic Efficiency (EE) combines both of allocative and technical efficiencies. It is achieved when the producer combines resources to generating a maximum output (technical) and ensuring the least cost to obtain maximum revenue (allocative). This study aims at estimating the technical, allocative and economic efficiencies. * All remaining errors are our own.
The efficiency of a firm or a sector can be measured through some parametric and nonparametric approaches which differ primarily in the assumptions concerning the residues. A production frontier will be deterministic if we impose a deterministic functional form (Cobb-Douglass, Translog, CES, etc.) and suppose that any gap between the estimated function and the observations is considered as coming from the producer's inefficiency. It is considered stochastic if the gaps are explained by both the producer's inefficiency and some random elements which are not under the owner's control. The parametric approaches impose a functional form that presupposes the frontier one, whereas the nonparametric approaches impose less structure on the frontier but suppose the absence of random errors.
The most often used parametric methods of estimation are the Ordinary Least Squares (OLS), the Corrected Ordinary Least Squares (COLS) and the Stochastic Frontier analysis (SFA). The main difference between these models is that the COLS attribute all the deviations to inefficiency, while the SFA model attributes a part of the deviations to inefficiency and the other part to the random noise. In other words, the SFA models take into account both of the inefficiency and the random noise. The most used stochastic frontier models include the stochastic production frontier, the stochastic cost frontier and the stochastic distance function models. Before choosing a specific model, analysts have to choose between the two most commonly used functional forms: the Cobb-Douglas and the Translog functions. Van den Broeck et al. (1994) were the first to apply the Bayesian procedures for the estimation of the stochastic frontiers. They reported that these procedures provide accurate inferences about the scores of technical efficiency when the samples are small, incorporate the experts' opinions via the prior distributions, and easily incorporate restrictions, such as the regularity conditions. The estimation of the stochastic frontier models using the Bayesian approach requires the application of numerical integration methods. In this context, the Monte Carlo Markov Chain "MCMC" is the most appropriate method of Griffin and Steel (2005) . It was used by Koop et al. (1995) and adopted by Kurkalova and Carriquiry (2002) , Huang (2004) and Kumbhakar and Tsionas (2005) . Kim and Schmidt (2000) compared the estimates of the stochastic and Bayesian approaches in the context of panel data. To deal with the requirements of the applied research on the stochastic frontier via the Bayesian approach models, Griffin and Steel (2005) developed a reliable and user-friendly software called "WinBUGS" that helps apply the MCMC method.
The objective of this paper was to identify the explanatory factors of technical, economic and allocative efficiencies in the Tunisian manufacturing industry. In a specific way, we would like to analyze the production organization and determine the level of the sector's efficiencies in manufacturing production. The answer to these questions will allow us to identify the sources and determinants of the Tunisian manufacturing efficiency or inefficiency.
Referring to the work of Djokoto (2012) , Lin et al. (2012) , Iain et al. (2006) and Inoni (2007) , we applied the Bayesian approach of the stochastic production frontier models related to the linear and nonlinear regression models to the panel data models, to the variance components, to the random coefficients, and in general, to the models with unobserved heterogeneity. Indeed, we used the annual time series for the period (VMI) . We considered production technology of a single output and three inputs where the output is measured by the Gross Domestic Product (GDP). The inputs are labor (L), capital (K) and energy (E). All the inputs are measured by the appropriate amounts. We dealt with the capital as the only quasi-fixed input in the short run.
The rest of this work is organised as follows: in a second section, we presented the methodology of the classical and Bayesian stochastic frontier. The results of the first approach were shown in the third section, whereas those of the second approach were presented in the fourth section. Finally, the main findings were discussed in the last section.
METHODOLOGY

The Classic Approach
For a classical stochastic frontier model, we took into account a model with a variable term inefficiency over time: 
where k l x l ,..., 1 , = are the input logarithms, and k is the total number of inputs in the production process. In this case, we have
, specification (2) becomes a Cobb-Douglas function. The objective is attained by estimating the technical, economic and allocative efficiencies using a Translog stochastic production frontier function. Farrell (1957) provided the impetus for developing the literature on empirical estimation of these three efficiencies. The first objective is attained by estimating the technical efficiency. Therefore, the allocative efficiency is estimated following the physical production relationships derived from the Translog production function of Equation (2).
The technical efficiency is know to vary with time. Therefore, being considered constant, it can be a strong assumption that can be justified when the data do not cover long periods. In a competitive environment, Kumbhakar and Lovell (2000) recommend dropping this hypothesis even if this implies additional parameters to be estimated. Therefore we can replace the term i u "time invarying TE" with it u , which is called "time varying TE". Kumbhakar et al. (1991) were the first to suggest this refinement which represents an estimation problem since it involves estimating parameters )
observations. An alternative formulation suggested by Lee and Schmidt (1993) 
is a monotonous function located between 0 and 1. For example, when ) (t β β = , there is a set of binary time variables. This formulation seems to be more flexible than the first in that the effect in time is not necessarily monotonous. However, ) (t β temporal pattern is forced to remain the same for all the firms. This formulation is suitable in cases where T is not great, since 1 − T additional coefficients should be estimated. On the other hand, Kumbhakar (1990) 
specification which requires the estimation of only two additional parameters γ and . δ Battese and Coelli (1992) 
wording which requires the estimation of a single additional parameter.
We consider two specifications to model the time dependence for the technical inefficiency term. First, as it was proposed by Battese and Coelli (1992) , we specify:
where
Alternatively, we specify:
where 0 η , 1 η and 2 η are unknown parameters to be estimated and are non-negative
representing the firm's effect. This distribution of the firm's effect is a generalization of the semi-normal distribution proposed by Jondrow et al. (1982) . It emphasized that the technical efficiency is affected by the sign and magnitude as long as it increases. The it u value remains constant but decreases or increases when
This specification imposes the monotonicity of the technical efficiency over time, that is to say, it can only increase, decrease or remain constant. Polynomial specification (5) is less restrictive since it allows for quadratic effects. The main result of Battese and Coelli (1992) 
and all its elements are equal to t η . The second result is the firms' average technical efficiency in each period:
where i u is defined by (3) and given by (4) or (5). This is equivalent to:
The empirical implementation of Equations (6) and (8), through the conventional statistical methods, is obtained by substituting the model parameters with the estimated coefficients by maximizing the likelihood function. Our empirical application was carried out with the "Stata 11.2" software.
The second specification used for the time dependence of technical inefficiency is the one developed by Battese and Coelli (1995) 
where it w is a normal random variable with zero mean and a truncated variance 2 ,r u σ such that for any combination i, t on a ) (
. This specification is similar but less restrictive than the one discussed by Reifschneider and Stevenson (1991) . The model defined by Equations (1) and (10) can be estimated by the maximum likelihood method. Following Chukwuji et al. (2006) and Inoni (2007) , the allocative efficiency (AE) analysis is achieved by estimating a Translog production function. It is followed by computing the value of the marginal product ( j VMP ) for each factor of production, which then is compared with the marginal input cost ( j MIC ). Results from (2) give Beta
Using the coefficient estimates from (11), the marginal product of the jth factor X is calculated as:
is the average product of the jth factor X. 
The allocative Efficiency (AE) is defined as:
where j p is the marginal cost of the of the jth input.
The allocative efficiency is determined by comparing the value of the marginal product of input ) ( , the input is overused and to raise firm profits its use should be reduced.
The point of allocative efficiency (maximum profit) is reached when Chavas et al., 2005) .
Hence, a measure of firm specific economic efficiency (EE) is thus obtained from the estimated technical and allocative efficiencies as:
That is 1 0 < < EE (Martin and Taylor, 2003) .
The Bayesian Approach
Concerning the Bayesian stochastic frontier model, we provided the details of the Bayesian approach in terms of inference on both the technical efficiency scores obtained by (6) and (9) in the model context defined by Equations (1) and (3) and the evaluation of the effects of the explanatory variables on the technical efficiency on the basis of the model defined by Equations (1) and (10). We would discuss the Bayesian approach applied to the stochastic frontier model with an inefficiency term varying in time. We, first, described a general Bayesian approach and then discussed our application more specifically. Let ) ,..., , ( Υ is the ex ante density. One can now use the information contained in the sample of Y data to review the expected distribution for θ , and obtain its posteriori density:
Inference on θ parameter distribution or any transformation of these parameters is based on the ex post ) ( Y θ p distribution. As a result, the ex ante density of θ , ) (θ p , and the ) ( θ Y p conditional density are combined to make the inference about the unobservable parameters θ . The ex ante marginal density of each element of θ involves the evaluation of multiple integrals which are impossible to be analytically calculated. Numerical integration methods are very useful to overcome this problem. Intuitively, they proceed as follows: (i) draw-downs are carried out on the basis of the a posteriori ) ( Y θ p distribution using the Monte Carlo method; (ii) these draw-downs can be seen as random samples derived from the a posteriori marginal distribution; (iii) the random samples are used to make statistical inferences about each parameter. Koop et al. (1995) argue that the Markov Chain Monte Carlo (MCMC) ensures more flexibility in the model specification. Like Griffin and Steel (2005) , we use the WinBUGS software to use the MCMC technique in the estimation of a stochastic frontier. The ex ante and the different estimated models are specified as follows:
As for the β parameters of the production stochastic frontier of model (1), an ex ante normal multivariate distribution is assigned:
For the inefficiency term, as specified in Equations (3) and (4), we choose
which reflects the fact that, a priori, it is unclear the whether technical efficiency increases or decreases. For specification (3), we consider three possible distributions for the effect of firm i u :
is an exponential distribution with an average of ω 1 , where the ex ante of ω is also an exponential distribution of an average of ) (ln 1 * ω − , which means that the median of the firm effect is equal to
, as specified by Greene (1990) 
(ii) to take into account a tail possible effect that can impact the distributions of the stochastic frontier, it ν is specified as a student-t distribution with τ degrees of freedom, in which τ is assigned an exponential mean a priori and a standard deviation equal to 4.
Graphical representations of the posterior distribution can indicate problems with the performance of the MCMC algorithm. More sophisticated methods for convergence detection are implemented in the Convergence Diagnostic and Output Analysis (CODA) software. The WinBUGS produces an output formatted for direct use with these programs and allows the behaviour of the chain to be investigated using some popular statistical tests.
The various models of the stochastic frontier, which are obtained by making different combinations of the error terms and of inefficiency, are estimated and compared through the Bayesian criterion of deviation "DIC".
The WinBUGS automatically implements the DIC (Spiegelhalter et al., 2002 ) model comparison criterion. This is a portable information criterion quantity that trades off goodness-of-fit against a model complexity penalty. In hierarchical models, deciding the model complexity may be difficult and the method estimates the "effective number of parameters" denoted here by D p . D is the posterior mean of the deviance and D is a plug-in estimate of the latter based on the posterior mean of the parameters. The DIC is computed as
. Lower values of the criterion indicate better fitting models.
ESTIMATES OF THE STOCHASTIC PRODUCTION FRONTIER MODELS AND THE EFFICIENCY COMPONENTS
The parametric approach of the production frontier and the efficiency measures depend on the estimation of a production function. Fixing the functional form of technology is of course a restrictive step. The efficiency measures are related to empirical observations and have no relationship with the production possibilities frontier in the context of the neoclassical theory. This problem is worsened by the fact that any measure is conditioned by a single productive combination obtained by translating the production function to the point of tangency of the highest curve. In contrast, the estimation of a production function helps to correct the technical efficiency degrees of the structural impact of the exogenous variables on the internal management.
In our empirical analysis, we consider two stochastic production frontier models with variable inefficiency term: the Cobb-Douglass and Translog models. The parameters of our stochastic frontiers are estimated using the maximum likelihood. Thus, the Cobb-Douglas production frontier with variable returns to scale (VRS) can be written as follows:
where t is the observation period (
The it u have a positive value that represents the technical inefficiency of sector i at time t, and are supposed to be independently distributed. They are obtained by the truncated normal distribution (in zero) with ) ; ( 2 u it σ m ℵ distribution. In reference to Helali and Kalai (2015) , the Translog production frontier with VRS is written as follows: where the time variable t is introduced to take into account any technological change in the production function, which would have been adopted by all the producers.
To check if the Cobb-Douglas production function can advantageously substitute the Translog specification, we use the likelihood ratio test (LR) to prove whether the Translog general functional form, as specified, dominates the Cobb-Douglas functional form. Thus, we denote the Cobb-Douglas model by M1 and the Translog specification by M2. The specification of the technological change lies in M1 and M2 since it is obtained it by neutralizing the quadratic and the cross-effect coefficients of the logarithms of inputs and time variables. The third model, which is denoted by M3, corresponds to the M1 model with technological change restrictions. This implies that there is no technological change in the production process. Finally, the last model, which is denoted by M4, corresponds to the M2 model with restrictions involving the absence of technological change in the production process. M4 is a Translog model with neutral technological change, that is to say, it does not promote the use of certain inputs to the detriment of others. 
Based on the specifications of v it and u it , we have estimated the models by the maximum likelihood method. Table 1 reports the estimating results of the parameters of the stochastic production frontier models and the associated significance. Since M1, M3 and M4 models are nested in M2, the LR test is used to check the plausibility of the imposed restrictions. The results are reported in Table 2 . It appears, from this table, that all the imposed restrictions on M3 or M4 models are rejected at a 5% threshold. Thus, the dominant specification is the general specification of the Translog production frontier where the technical efficiency varies according to the selected model. In the previous models, the part of the inefficiency term in the total variance, which is estimated by the ratio . For a truncated normal distribution, the critical value is the result of a joint 2 χ distribution. In addition, the γs are significantly inferior to one, which justifies the importance of the stochastic term v. In the opposite case, there would be no significant difference with a deterministic frontier estimation.
The gamma value (γ) tells us that the deviation from the frontier is explained by the inefficient sectors at 63%. The evaluation of γ, which is significantly different from zero, indicates the existence of production inefficiencies. This result means that the gap between the real output and potential output of the studied sectors is partly due to their inefficiency. The γ value may seem relatively high compared to the results of the Translog function, in particular, for determining the efficiency of individual sectors.
Indeed, in our study, 37% of the difference between the real and potential sectoral outputs are related to random effects, such as measurement errors arising generally from the nature of the data. Moreover, this value of γ is significantly inferior to one, which justifies the importance of the stochastic term v. In addition, the value of η is significantly different from zero, which indicates that the level of the technical inefficiency has changed a lot over the considered 50 years. Finally, we retained the half-normal distribution for the inefficiency term ( it u ) where the parameter mu (μ) is restricted to zero for the Translog function. From the above estimates, we shift to the estimation of three types of efficiency: technical, allocative and economic. Table 3 summarizes the results of the technical efficiency estimated by the Cobb-Douglas and the Translog production functions with and without trend. The obtained average scores are very converging. However, the temporal evolution of these efficiency scores (see Figure 1 ) are cyclical but decreasing along the study period. In total, and for the measure of the Translog function efficiency with trend of M2 model (TLEFFWT), the efficiency scores vary between 69% and 80% with a standard deviation of 3.6%. This evolution is characterized by a slight decrease of the average annual growth rate to the order of 0.2%.
At the sectoral level, we presented, in Figures 1 and 2 , the evolution of the three components of technical, economic and allocative efficiencies. In addition, we displayed, in Table 4 , the descriptive statistics of these efficiency scores. The econometric results show that the arguments of the production function have a particular significant impact on the technical efficiency in the AFI and TCL sectors. 1 9 6 4 1 9 6 7 1 9 7 0 1 9 7 3 1 9 7 6 1 9 7 9 1 9 8 2 1 9 8 5 1 9 8 8 1 9 9 1 1 9 9 4 1 9 9 7 2 0 0 0 2 0 0 3 2 0 0 6 2 0 1961 1964 1967 1970 1973 1976 1979 1982 1985 1988 1991 1994 1997 The obtained efficiency scores, which are listed in Table 4 , enable us to conclude that the AFI sector is technically and economically the most efficient. Therefore, this sector promotes its productive resources better especially the capital. However, the CHI sector is technically and allocatively the least efficient, and that of the BMCG is the least technically, economically and allocatively efficient. In addition, the MEI sector is allocatively the most efficient.
Indeed, the obtained economic efficiency scores show that by avoiding these inefficiencies, we can increase the production of the various sectors. Given the significant scope of the sectoral production growth (at a given level of production by minimizing the cost), we proceeded to identify the determinants of the efficiency levels that will subsequently serve as growth levers for programs of sectoral performance improvement. These results show that there is a significant potential to improve the level of the economic sector efficiency and the overall industry.
It is now interesting to see the statistical significance of the factors that affect the different obtained scores. To this end, we applied the Tobit estimates by defining the technical (TE), economic (EE) and allocative (AE) efficiencies as dependent variables and several macroeconomic factors as independent variables. Productivity: a dummy variable to express the level of the capital average productivity (CAP) of the sector (three groups: low (1), medium (2) and high (3) From Figures 1 and 2 of the efficiencies evolution, we notice that the six sectors are grouped into three groups of productivity: BMCG and CHI are low, MEI and VMD are medium and AFI and TCL are high. The results deriving from the Tobit model regarding the explanation of technical, allocative and economic efficiencies of the industrial sectors levels are shown in Table 5 . These results are related to the explanatory effect of the selected factors of efficiency levels and their significance. Note: *** and ** : significant at 1% and 5% . Table 5 shows the statistical significance of the coefficients related to: All the productivity levels: the effect of high-productivity sectors is more important compared to others. The more the average productivity of the sector increases, the more inefficiency decreases.
The openness level: the more the business activity increases, the more the technical efficiency decreases and the allocative efficiency increases. The increase of the international transactions improves the allocative efficiency and reduces inefficiency. In contrast, this increase does not affect the economic efficiency.
Labor: the increased number of a sector workers, especially unskilled, causes an increase in the difference of the total cost and reduces efficiency.
Furthermore, the level of intermediate consumption showed no influence on the different efficiencies.
The overall table obtained from the regression analysis shows that large areas, which have a high or medium productivity, significant industrial activities, are profitable. The results show that there is a correlation between the efficiency levels and some of the factors among the selected ones. Therefore, the effect of the rest of the factors on efficiency levels is negligible or even insignificant.
The results also point to the importance of examining not only TE, but also AE and EE when measuring productivity at the firm level. The implication of these findings (TE, EE and AE) point to the fact that, given the production resources at the disposal of the sectors which consist of both medium and small enterprises with limited resources, efficiencies are unfair. It is evident that variation in the economic efficiency largely comes from the difference in the allocative efficiency.
An important conclusion stemming from the analysis is that the overall economic efficiency (EE) of the manufacturing sectors could be improved substantially and that the allocative efficiency constitutes a more serious problem than the technical inefficiency as TE appears to be more significant than AE as a source of gains in EE. Hence, it is from this point of this view that one would like to point out that despite the role a slightly higher efficiency level can have on output, productivity gains resulting from technological innovations remain critical in the manufacturing sectors of Tunisian economy.
PRODUCTION BAYESIAN STOCHASTIC FRONTIERS ESTIMATES
The comparison of the results of the classical and Bayesian approaches is one of the objectives of this study. For this reason, we would ideally estimate the dominant models M1 and M2 for the production function using the Bayesian technique. Thus, we could have estimated a Cobb-Douglas and Translog frontiers with a technological change (model M1 and M2) representing the specification of the time dependence of technical efficiency. Furthermore, we use four types of distributions: the exponential, the gamma, the Half-normal and the Truncated Normal (Griffin and Steel, 2005) . Moreover, we would describe the steps involved in estimating the models by the MCMC technique using the WinBUGS software. It turns out that WinBUGS is a very powerful and flexible tool for the Bayesian stochastic frontier analysis. Indeed, the MCMC method requires the knowledge of the Bayesian statistics, including the recognition of the potential importance of the prior distributions.
Indeed, the basic model was designated to present the producers' outputs with a maximum production frontier. If a production panel is observed, a simple regression model of the production logarithm it y , associated with the observed sector i at time t, on a set of explanatory variables it x , will be in the logarithm of input quantities . We can then carry out our comparative analysis for M1 and M2 models and for the two production functions. The comparison of the results of both functions is presented in Tables 6 and 7 . It is very easy to change some of the hypotheses of the above models. For example, we can use several inefficiency distributions, such as the half-normal used by Aigner et al. (1977) or the truncated normal of Stevenson (1980) . For the half-normal distribution, we have
, whereas for the truncated normal distribution, we have
In this section, we used the M1 and M2 models of the third section, where we have 50 = T , with the different distributions of inefficiency defined above. The chain was carried out with 1000 iterations of a sample of 10000 observations. The WinBUGS has a number of tools to take the posterior distribution into account. A simple summary can be generated showing the posterior mean, the median and the standard deviation at 95% of the posterior credibility interval. The parameter names are related in an obvious way to the initial model. More comprehensive images of the posterior distribution can be provided using the density option in the toolbar which provides an estimate of the density of the core of the posterior distribution of a selected parameter, as it is in the following graphs. Table 6 shows the estimated regression parameters of the Cobb-Douglass production frontier for the Bayesian specification of the exponential distribution. These estimates represent the factor elasticities as well. Comparing these results with those obtained by the SFA method, we notice that they are of different signs and amplitudes. The same results are obtained for the case of the Translog function (Table 7) . Nevertheless, there are some similarities for some parameters, namely the trend coefficients. The comparison of the posterior efficiency distributions of the different sectors shows a clear difference in the descriptive characteristics of the different sectors and even a large difference in the efficiency scores compared to the SFA models. Hence, there is a strong technical inefficiency of the Chemical Industry sector compared to the others. In addition, there is a considerable variation in the mentioned results.
In Figure 3 , we show the inefficiency evolutions of the various sectors. As discussed above, the Bayesian estimation shows strong inefficiencies in most of the sectors as previously described in the classical estimate. The most efficient sectors are the AFI and the TCL, while the least are obviously the BMCG and the CHI. Although the Bayesian estimates are different, generally for the SFA estimates, the efficiency results (i.e., inefficiency) are almost the same showing the significant under-utilization of the available resources in the Tunisian manufacturing sector.
A practically interesting function measuring the specific efficiency of each sector is given by the determination of the ranks of efficiencies in each level of confidence. The WinBUGS can automatically calculate, in the sample, a rank of the different efficiencies depending on the used posterior distribution. Table 8 shows a ranking of the six sectors by the production function and the level of confidence. It is always evident that the AFI and the TCL sectors are more efficient compared to others. They hold the first classes. The CHI sector ranks last. Once again, this justifies the previous results. In addition, the posterior distribution clearly shows a large extent of classifications. Once this model has been fitted successfully, we can consider some modelling options. As already noted above as there are alternative choices for the inefficiency distribution. We have considered three types of distributions: Gamma, Half-Normal and Truncated Normal. Tables 9 and 10 contrast some results on the parameters for Gamma, Half-Normal and Truncated Normal proposals. The differences on the estimate parameters are quite low. We note that λ does not share the same common interpretations across the models. In addition, the confidence interval for φ is the shape parameter of the gamma distribution, which includes the value 1 corresponding to the exponential model. In addition, a distribution of the error could be considered for the measurement error. Tables 9 and 10 record some results and show that the previous assumption about the degrees of freedom, indicated by v , are rather important since the data provide little information about its value. We can use the DIC criterion to compare the different models. Table 11 shows the computed values in the format given by WinBUGS. Our suggestion here is to focus only on the DIC value. The method is designed to be easily implemented using a sample from the posterior distribution. In fact, Table 11 compares the DIC scores for the different possible combinations of the error and the inefficiency distributions. The DIC low values suggest better models and thus the t-Student errors tend to generate better data than the normal measurement errors. In general, the results prefer the truncated normal distribution for the Cobb-Douglas function and the Gamma distribution for the Translog function. The posterior distribution of the predictive efficiency mean (i.e., Outside the sample) is a useful measure to compare our inference about the distribution of the inefficiency parameters λ and φ . 
CONCLUSION
This paper used stochastic and bayesian production frontier models to estimate and analyse the technical, economic and allocative efficiencies of six main sectors of manufacturing industry of Tunisia. The analysis reveals an average level of technical, allocative and economic efficiencies equal to 77 percent, 76 percent and 58 percent respectively. Choosing the manufacturing industry is mainly motivated by the fact that this industry has long been protected by the supply policy which forced local producers and importers to raise consumer prices. This policy ensures that industries are relatively heterogeneous and of different sizes.
The mean efficiency level resulting from the two estimates (Stochastic and Bayesian) is about 75 percent indicating that sectors, near the average, can improve their output level by 25 percent with the same set of inputs. The temporal pattern of the technical efficiency shows a decline in the mean efficiency over time. The persistent deviations from the frontier may be an indication of rather low competitive pressures from foreign competitors in the sectors for the 1961-2010 period.
Our evidence above indicates that, during the sample years, the sectors experienced a technical regression and a deterioration in the technical efficiency. These sectors also reported a negative rate of productivity growth attributed particularly to the lack of innovative activities and investment in the improved technology. The decision makers and industry agents must quickly take and introduce several measures aimed at limiting these constraints and improving the technical conditions for the manufacturing industries. An eventual agreement on the trade liberalization can lead to the dismantling of the supply management since the price reductions can force too severe contractions in the local supply. In this case, we might think that the most technically efficient sectors would be preferred to face foreign competition.
